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Introduction
Liquidity risk is a major concern to investors, because it implies that they might have to trade when markets are especially illiquid, and trading in illiquid markets is very costly. If the liquidity of different stocks also moves together,
We thank Deutsche Boerse AG for providing us with their extensive order book data. We are also indebted to Helena Beltran, Joachim Grammig and Stefan Frey for sharing their computer codes for the reconstruction of the limit order book. Daniel Mayston gratefully acknowledges financial support from the German Research Association. liquidity risk will be an even greater concern to investors: 1 common liquidity movements imply that liquidity risk is market-wide and, apart from idiosyncratic shocks, cannot be diversified. Investors will have to bear the systematic component of liquidity risk and will therefore ask for compensation.
Empirical asset pricing papers such as Amihud (2002) , Pástor and Stambaugh (2003) or Gibson and Mougeot (2004) show that investors receive a notable compensation for bearing liquidity risk. In contrast, empirical microstructure papers such as Chordia, Roll and Subrahmanyam (2000) , Hasbrouck and Seppi (2001) , Halka and Huberman (2001) and Brockman and Chung (2002) suggest that liquidity risk is almost entirely firm-specific. It implies that liquidity risk is diversifiable and should not be priced.
One possible explanation for the weak evidence of commonality in the microstructure literature is that earlier studies used poor proxies for liquidity.
For example, Chordia, Roll and Subrahmanyam (2000) , Hasbrouck and Seppi (2001) , Halka and Huberman (2001) and Brockman and Chung (2002) all measure liquidity by looking at quotes and quantities at best prices. However, if investors want to trade large positions, their orders will walk up the book and therefore they will not only care about liquidity at best prices, but also about liquidity beyond best prices.
A second explanation is that best quotes are particularly noisy and therefore not well-suited for the study of commonality. Since liquidity suppliers compete fiercely for new price priority, the bid-ask spread and depth at best prices are subject to strong idiosyncratic variation. This hypothesis is consistent with Domowitz, Hansch and Wang (2005) who show that order type correlation has far more explanatory power for liquidity commonality inside the limit order book than at the best prices.
1 The theoretical literature develops several kinds of mechanisms through which the liquidity supply of different stocks is linked. In these models, the correlation of liquidity preferences, intermediary behavior or informational shocks create contagion effects in the liquidity of different stocks. See Allen and Gale (2000) , Kyle and Xiong (2001) , Gromb and Vayanos (2002) , Fernando (2003) , Watanabe (2003) and Brunnermeier and Pedersen (2005) .
A third explanation is time variation. Chordia, Roll and Subrahmanyam (2001) show that liquidity is time-varying and that it is particularly low in falling markets. If commonality exhibits a similar time variation, it might be low on average but higher in falling markets. The empirical evidence on this issue is ambiguous. For the US market, Coughenour and Saad (2004) find that in falling markets specialist behavior tends to be more strongly correlated across the stocks that they manage than in rising markets, while Domowitz, Hansch and Wang (2005) observe no systematic differences for the Australian market.
In our paper we focus on (i) the level of commonality in liquidity beyond best prices and (ii) the time variation of commonality in a pure limit order market.
Our basic methodology follows the market model used in Chordia, Roll and Subrahmanyam (2000) and extends it to liquidity measures beyond the bid-ask spread and depth. Furthermore, we examine the link between commonality in the limit order book and movements of the market return.
Our paper is most closely related to the work of Bauer (2004) and Domowitz, Hansch and Wang (2005) . Bauer (2004) performs a Principal Component Analysis (PCA) for liquidity measures of the limit order book and relates commonality to underlying financial variables. Domowitz, Hansch and Wang (2005) investigate the impact of order-type and order-flow correlations on return and liquidity commonality. We differ from these papers in three ways: firstly, we focus on how commonality in liquidity depends on how deep we look into the limit order book (as opposed to its relation with underlying financial variables or order-type and order-flow commonality). Secondly, from a methodological point of view, we apply the Chordia, Roll and Subrahmanyam (2000) market model instead of using a correlation or common factor approach. Our approach has the advantage that it allows us to control for external factors and that the common factor can directly be interpreted as market liquidity.
Thirdly, we use data from the German stock market, one of the world's largest and most important markets, instead of the Swiss and Australian market. 2 Based on the Xetra limit order book, which is used at the Frankfurt Stock Exchange (FSE), we measure liquidity both at best prices (using the bid-ask spread and its depth) and beyond best prices (using depth deeper in the limit order book and the slope of the price-quantity schedule). Our study yields the following main results: (i) We find evidence of significant common variation in liquidity throughout the order book. The more the liquidity measures are extended beyond best prices, the stronger commonality is: at best prices, common variation in depth only accounts for roughly 2% of all liquidity variation, while it increases to a maximum level of about 20% deeper in the book. (ii) Commonality exhibits strong time variation associated both with the time of the day and the movement of the market. Most notably, liquidity commonality increases strongly with the absolute value of negative returns. This implies that diversifying liquidity risk becomes more difficult in falling markets when diversification is particularly important.
Market Structure, Data and Liquidity Measures
In the following sections we present the market structure of the Xetra trading facility and give some descriptive statistics for the data set. Furthermore, we explain the construction of our liquidity measures and eliminate trends from the data.
Market Structure of Xetra
Our study uses data from the electronic limit order book market at the Frankfurt Stock Exchange (FSE). The electronic system used in Frankfurt is called Xetra and allows trading to anyone who is connected to the Xetra computer system. Although trading through Xetra at the Frankfurt Stock Exchange Benston and Kandel (2000) and Cao, Hansch and Wang (2004) study the information content of the limit order book. Coppejans, Domowitz, Madhavan (2003) focus on dynamic issues of the limit order book. Beltran, Giot and Grammig (2005) relate commonalities across price-volume pairs of the limit order book to underlying microstructural factors. does face some competition from regional exchanges or floor trading facilities, Xetra accounts for roughly 98% of all blue-chip trading activity.
The FSE operates as an open limit order book market. Market participants can submit limit orders, market orders, market-to-limit orders and iceberg orders (which provide hidden liquidity). Trading is based on a continuous double auction mechanism with automatic matching of orders. Matching takes place on a price and time priority. Trading hours at the FSE extend from 9.00 to 17.30 CET. During these hours all limit orders that are submitted to the limit order book are displayed to all traders connected to the system. This is a considerable difference compared to other systems like NYSE where only specialists can access the complete book or Paris where only the best five orders are displayed. The blue-chip segment of the FSE (which we focus on) operates without any market makers and relies purely on the anonymous submission of limit orders. While the book is open, it gives all limits, the accumulated order volumes at each limit and the number of orders in the book at each limit. 3 The tick size is 1 Eurocent (0.01 Euros) which corresponds to the currency's smallest possible value. 4
Raw Data and Order Book Reconstruction
Our data set consists of the thirty equities which make up the blue-chip index DAX 30. It ranges from 02 January 2004 to 31 March 2004. This period does not contain any extraordinary events nor was the market environment particularly volatile.
The raw data is the computerized trading protocol in which the FSE keeps track of all entries, cancellations, revisions, executions and expirations of or-3 The continuous trading phase begins after an opening auction at the beginning of the day and it is closed by a closing auction at the end of the day. During auctions, the order book is closed, yet during continuous trading, the limit order book is visible to all market participants. Note that only the visible peak of iceberg orders appear in the order book. 4 For more details on the Xetra market model at the FSE see the Deutsche Boerse Group (2004) manual of the stock trading model. ders. The database has between 867,369 and 3,920,169 entries for each stock.
Additionally, the stock exchange recorded the initial state of the order book at the beginning of our data range. From there, the order book was reconstructed by implementing the Xetra market model. This leads to an order book for each point in time when an order book event takes place. We take snapshots at 30-minute intervals from this sequence of order books. We exclude order books which have been preceded by an auction, since the supply mechanism for liquidity might be different in auctions. Finally, we end up with 17 order books per day and stock. 
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These figures show that liquidity for blue chip stocks is fairly high on average.
Nevertheless, there is considerable cross-sectional variation.
With regard to the order submission behavior we observe that 97.3 % of all submissions are limit orders. Of the submitted limit orders, 23 % get executed and 77 % cancelled. These figures show that the liquidity consumed by transactions is only a fraction of the liquidity provided to the book. 6 About 80% of all transactions take place within the best prices, while the remaining 20% consume more liquidity. Such transactions can actually be very large and walk up the book more than 100 ticks.
Time-of-Day Effects
Previous literature such as Wood, McInish and Ord (1985) , Jain and Joh (1988) , Foster and Viswanathan (1990) or McInish and Wood (1992) documents that liquidity shows strong seasonal patterns, in particular on an intraday basis. We plot time-specific averages of the spread and the corresponding depth against the time of day. Consistent with previous empirical evidence (with k = 1, ..., n). For every stock j, we take subsamples that include observations at one time of the day but over all days. From these subsamples we calculate the time-specific mean of the spread, µ j,p = Σ n k=1 SP j,p,k /n, and its standard deviation, σ j,p = Σ n k=1 (SP j,p,k − µ j,p ) 2 /n. For all stocks we then demean and standardize each observation of the spread according to its time of the day. Let SP * denote spreads adjusted for trends:
The same procedure is applied to depth at the best prices. Let n A be the number of shares quoted at the best ask and n B at the best bid. We compute depth as DE = n A A + n B B and then correct it for time-of-day effects to obtain DE * . The detrended time series of the spread and depth are the input for the following analysis of commonality at best prices.
Commonality at Best Prices
Previous studies have implicitly assumed that best limit prices and quantities alone are sufficient to capture the liquidity of an asset. To relate our results to the literature, we analyze the commonality of liquidity for the bid-ask spread and for the depth of the order book at the best bid and ask prices.
The standard approach to estimate commonality is the market model in Chordia, Roll and Subrahmanyam (2000) . It relates the liquidity of a single stock to the liquidity of the market in the same way as the CAPM does for returns. It employs a regression framework to measure the sensitivity of stock j's liquidity, L j , to market liquidity, L M,j . 7 Market liquidity is computed as the average liquidity across all stocks (leaving out the j-th stock),
The estimation includes lead and lag market liquidity (L M,j,t+1 and L M,j,t−1 ), contemporaneous, lead and lag market returns (r M,t , r M,t+1 and r M,t−1 ) as well as individual stock return volatility vol j,t (proxied by the squared return) as additional regressors. With ε as an error term, we obtain the following specification:
Tables 2 and 3 summarize the estimation results of Equation (2) for liquidity at best limit prices. with an average of 6.04%. For depth at the best prices, β 1 varies between 0.02 and 1.06 with an average of 0.27 across stocks. The coefficients are significant in 70% of all regressions. The R 2 values vary between 0.01 and 0.06. The R 2 of the regressions is a measure of commonality, since it explains the percentage of individual liquidity variation that is explained by market liquidity. 9 Thus, commonality in spreads is about 6% while it is lower at 2% for depth. Table   3 shows the average parameter estimates and t-values for all regressors. We follow Chordia, Roll and Subrahmanyam (2000) and Brockman and Chung (2002) by averaging parameters and t-values across all stocks. The averages are clearly insignificant for all variables except market liquidity.
The market model results that we obtain are very much along the lines of Chordia, Roll and Subrahmanyam (2000) and Brockman and Chung (2002) .
In their studies, only the market liquidity parameter is significant, while the additional regressors are not. They report adjusted R 2 values of anywhere between 2% and 3% for spreads and 1% and 2% for depth. We obtain a value of 6% for spreads and 2% for depth while all control variables are insignificant.
Evidently, the depth market model leads to very similar results for our data, while, for the spread, commonality is stronger.
Commonality Beyond Best Prices
In this section we extend commonality to liquidity beyond best prices. Firstly, we construct liquidity measures for the limit order book. Secondly, we use a market model to compute the level of commonality. Thirdly, we employ principal components analysis (PCA) as a robustness check. We compare the level of commonality to the levels evidenced at the best prices.
Construction of Liquidity Measures
In limit order book markets, all orders are executed against the limit orders in the order book. If an order is very large, it hits unexecuted limit orders which have different price limits. The larger the order, the more price limits will be hit and the further a market order walks up the limit order book. Evidently, the spread and depth at best prices alone are not sufficient to characterize the liquidity of a limit order book market.
The bid-ask spread gives the price discrepancy between the best prices in the book, while depth at the spread is the corresponding volume in the order book.
A natural extension is to move away from the best prices and to consider prices P and volumes x deeper in the order book. Because of possible asymmetries of the bid and ask side we construct separate measures for each order book side. In a first step we compute the price difference between all limit order prices (P ) in the book and the midquote (M Q) at that point in time. In a second step we transform these price differences into price impacts relative to the midquote and link them to the cumulative volume in the order book,
Finally, we compute the volumes that correspond to price impacts of 0.5%, 1%, 1.5% and 2%. We choose 2% as the cut-off value for this extended depth measure because in our data set market orders that are executed against the limit order book seldom incur higher price impacts. 10 An advantage of this extended depth measure is that it is non-parametric and is not based on any restrictive assumptions. A disadvantage, however, is that it only characterizes one point on the price-quantity schedule at a time.
We therefore introduce the slope of the price-quantity schedule as a second measure that summarizes all price-volume combinations in the limit order book simultaneously. Knowledge of the slope of the price-quantity schedule enables a trader to compute price impacts for any order size. Let m denote the pairs of price-volume combinations of the order book of stock j, let t denote the individual points in time for which we have order book snapshots and let x denote the volume in the order book. Denoting ε as the error term, we obtain the following equation for a linear model:
As with the extended depth measures, we cut off the price-quantity schedule for price impacts higher than 2%. The indices indicate that we estimate the model in each point in time and for each stock. Furthermore, we do the estimation separately for the ask side and bid side. We also estimate Equation 3 with an additional quadratic term, ρ j,t x 2 j,t,m , to check our specification of the pricequantity schedule. 11 Negative estimates of ρ j,t imply a concave order book function and positive estimates imply a convex relationship. We find neither a high number of significantly positive nor significantly negative estimates and therefore we choose the linear model. 12 We obtain two time series λ j,t for each 10 The measure is similar to the cost of round trip measure in Irvine, Benston and Kandel (2000) , the XLM measure in Gomber, Schweickert and Theissen (2004) or hypothetical price impacts as in Kumar (2003) . Bauer (2004) measures the depth in a similar way and converts it into a percentage of a stock's free float. 11 With regard to the specification, the empirical literature comes to mixed conclusions: Biais, Hillion and Spatt (1995) document linearity, while Coppejans, Domowitz, Madhavan (2003) or Cao, Hansch and Wang (2004) find evidence of some non-linearities. 12 For stability we also estimate a polynomial model with a quadratic term and perform our later study for its coefficients. The linear coefficient taken from the stock, one for the ask side, λ A j,t , and one for the bid side λ B j,t . The model does not include a constant to ensure that the estimated graph starts at the origin.
Therefore, the state of the order book is summarized by one parameter. Since price impact functions are upward-sloping by construction, it is not surprising that the fits turn out to be very good and that the parameters estimates are highly significant. Table B in the appendix gives some descriptive statistics of our liquidity proxies. The average volume associated with 2% price impacts is 4,219,230 Euros on the ask side and 4,032,470 Euros on the bid side, yet there is considerable variation in these figures. The average slope estimate is 0.8992 on the ask side and 0.9557 on the bid side. Again there is considerable cross-sectional variation across stocks: As the model of the order book slope has no constant, the slope is a direct measure of the level of liquidity: for example, an investor who wishes to buy a position of 500,000 Euros of Fresenius shares will incur a price impact of 1.1258%. In comparison, the half-spread is 0.0655%. Evidently, the spread is a poor liquidity proxy for large volumes.
Empirical Results
In this section we investigate market-wide liquidity movements of the entire limit order book. We use the same methodology as before, yet this time we substitute L j,t and L M,t in Equation 2 by our new measures of order book liquidity. Again we follow the standardization procedure of Equation 1 to eliminate trends from the data. Tables 4 and 5 give the results for order book depth at 2% price impact. In Table 4 we list all individual β 1 coefficients, their corresponding t-statistics and the R 2 . The coefficients lie between 0.2957 and 1.0261 (on the ask side) and 0.1019 and 1.0605 (on the bid side). Both on the ask side and on the bid side, β 1 is significant for 28 out 30 stocks (93.33%). Table 5 shows the average linear and non-linear model behave in exactly the same way. The coefficient of the quadratic term also shows the same commonality. values. On average, β 1 is 0.7219 (on the ask side) and 0.6903 (on the bid side). The beta coefficient for contemporaneous market liquidity is the only coefficient with a significant t-value. Compared to the results of liquidity at the best limit price, however, the adjusted R 2 values are much higher. They climb to an average of 16.09% on the ask side and 8.27% on the bid side. In comparison, the corresponding R 2 value of depth at best prices was 2.20%.
In other words, commonality increases strongly if we consider the aggregate liquidity supplied to the limit order book instead of focusing at best quotes and quantities alone.
Next we proceed to the slope of the price-quantity schedule which is also estimated for price impacts up to 2%. Tables 6 and 7 present the results. Table 6 shows that the β 1 coefficient varies between 0.1139 and 1.0966 on the ask side of the limit order book and 0.2043 and 0.9949 on the bid side. 29 out of 30 stocks have significant coefficients on the ask side and 28 out of 30 on the bid side. On average, the market liquidity coefficients are 0.7302 on the ask side and 0.6645 on the bid side; both are highly significant. All other coefficients are close to zero in a range between -0.1063 and 0.0704 with insignificant t-values.
Commonality on the ask side is 17.19% and on the bid side 10.90%. Evidently, the results for slope parameters of the price-quantity schedule are very similar to those for depth. The slope model is minimally more powerful (17.19% versus 16.09% on the ask side and 10.90% versus 8.27% on the bid side). Compared to commonality at best prices, the extent of systematic liquidity risk is once again much higher. These results underline that the high extent of commonality for liquidity in the limit order book remains a robust result irrespective of the measure used.
Obviously systematic movements in liquidity are quite different for the liquidity flow at best prices and the liquidity flow up until ticks further beyond best prices. As we have only focused on liquidity at 2% price impacts so far, we now turn our attention to smaller price impacts. Table 8 shows how commonality changes for different cut-off points of aggregate order book depth. On the ask side, β 1 starts out at 0.53 for 0.5% impacts and increases continually to 0.72 for order book depth at a 2% price impact. The corresponding average t-values are clearly above the critical value. Turning to the level of commonality, we see that the adjusted R 2 value on the ask side is 9% for a price impact of 0.5%.
It increases continually up to 16%. The pattern holds for the bid side of the order book as well where commonality increases to a value of 8%. In Figure 2 we illustrate the results graphically. In contrast to our previous liquidity measures, we have not cut liquidity off at 2% to show how commonality increases even further in the order book. It approaches levels beyond 20% on the ask side and beyond 10% on the bid side.
Robustness to Methodology
In the following section we approach commonality from a different angle. While Chordia, Roll and Subrahmanyam (2000) of individual liquidity and is given by the first eigenvector of the correlation 13 Beltran, Giot and Grammig (2005) have also used principal components analysis in the context of limit order books. They apply PCA to price-quantity pairs to examine whether variation in such pairs can be attributed to one or more underlying factors. While they link variation within the order book of single stocks to microstructural factors, we focus on the variation of liquidity across stocks. Table 8 reports parameter estimates of the liquidity market model (Equation 2) for increasing depth. The first column lists the price impact up to which depth is aggregated. The further columns give average parameter estimates, corresponding t-values and average adjusted R 2 values for the ask side and the bid side of the order book.
matrix. Its explanatory power is given by the corresponding eigenvalue. From the weighting vector we compute the value of the principal component for each point in time. We then regress this time series onto the time series of individual stock liquidity measures for each stock:
In the equation above, P C j,t denotes the realization of the first principal component in t. ξ j and ψ j are parameters and ε j is an error term. To generate a test statistic, we bootstrap new time series from the regression residuals of all stocks, compute the correlation matrix and perform PCA. We repeat this procedure 10,000 times until we obtain a smooth empirical distribution of the first eigenvalue and sample the 95%-quantile as our critical value. 
Commonality of Depth
Ask Side Bid Side Figure 2 shows how the extent of commonality increases as more liquidity in the order book is considered. The x-axis gives the price impact up to which depth is aggregated and the y-axis gives the amount of commonality . Commonality is measured as the R 2 value of the market model (Equation 2) of liquidity .
the book, the pattern is identical. All first principal components for aggregate depth are significant. In level, commonality starts out at 11% and rises to 13%
if we consider depth up to 2% price impacts.
Let us compare our results with the PCA results in Bauer (2004) for the Swiss market: using intradaily data, Bauer (2004) reports that for depth at 1% price impact the first principal component accounts for 11.3% of the overall variation (on the ask side) and 9.0% on the bid side. This is very similar to our values at 1% price impact (12% for the ask and 7% for the bid). In particular, our results confirm the asymmetric effect that, for depth-related liquidity measures, the explanatory power is slightly lower on the bid side than on the ask side.
Comparing these results to the regression approach in the previous section, we see that they are very similar. Firstly, commonality increases with order book depth. Secondly, commonality is stronger on the ask side of the book.
impact of the control variables on our liquidity measures. We regress the liquidity measures onto the same explanatory variables and then take the correlation matrix of the residuals for the further PCA procedure. This leads to minimally lower levels of commonality, yet qualitatively identical results. Table 9 gives the results of PCA for the extended depth measure at different price impacts. In the first section, the table lists the first eigenvalue, its critical values at the 95% confidence level and the proportion of total variability explained by the first principal component (in %) for the ask side of the order book. The second section gives the same information for the bid side.
In level, the PCA results are about 4 percentage points above the market index approach for ask side depth and 2 percentage points for the bid side.
Somewhat higher PCA results are not surprising, since PCA is not restricted to a predetermined measure of market liquidity.
For the sake of brevity we have not reported the PCA results for the spread measures or the slope estimate of the price-quantity schedule. Qualitatively, they provide similar evidence as before: commonality around the bid-ask spread and best depth is lower than deeper in the limit order book (at 9% and 7%). In contrast, commonality of the slope estimates is considerably higher (24% on the ask side and 18% on the bid side). As with depth, PCA reinforces the patterns of the Chordia, Roll and Subrahmanyam (2000) market model.
Time Variation of Commonality
The previous section showed that the use of the bid-ask spread and depth at the best prices is one reason why the impact of commonality in liquidity has been so low in the past. A second reason is that commonality might be timevarying. In the following section we explore the time variation with regard to intradaily patterns and with regard to the movement of the market.
Time of Day
It is widely recognized that liquidity exhibits strong time-of-day effects. In particular, liquidity is low in the morning at the opening of the market. This is illustrated very clearly in the L-shape over the bid-ask spread and the upsidedown L-shape of depth. To examine the time-of-day effects we investigate commonality on an intradaily basis. We split our data into three subsamples: a morning sample (order book liquidity until 11 a.m.), a midday sample (from 11.30 a.m. until 3.30 p.m.) and an evening sample (from 4 p.m. to 5.30 p.m.).
We then reestimate Equation 2 separately for all three subsamples. For example, the adjusted R 2 value for ask side depth at a price impact of 2% is 19% in the morning, drops to 16% in the course of the day and goes back up to 19% in the late trading period. On the bid side, the R 2 value is 15% in the morning, 7% during the trading day and 12% at the close of the day. There is a clear U-shape in the commonality of liquidity: commonality is higher in the morning, falls to lower levels during the day and rises again in the evening before the exchange closes. This pattern is visible for every depth measure from 0.5% to 2% price impacts. It is also robust with regard to the ask and bid side of the limit order book. We obtain the same qualitative results if we use the slope of the price-quantity schedule as our measure of the liquidity in the limit order book. For the sake of brevity we do not repeat the results here.
Evidently commonality in liquidity exhibits a strong U-shape. We should stress that we obtain this result although we have already eliminated time-of-day effects from the liquidity proxies. We hypothesize that this pattern is linked to the dissemination process of information: firm-specific information which leads to heavier trading of an individual stock is typically released in press releases over the trading day. Therefore, liquidity movements over the trading day are predominantly idiosyncratic. In contrast, information from the overnight period typically concerns other markets and is more macro-economic in its nature. Likewise, shortly before the European market closes the US market opens which leads to a flow of information that is market-wide. As a consequence, liquidity movements are more strongly correlated. We find this link between the type of information and the strength of commonality an interesting question for future research.
Market Movements
While time-of-day effects are an explanation of variation in commonality over an intraday horizon, market movements are a possible explanation for variation over an inter-day horizon. High commonality in falling markets implies that trading becomes more expensive in situations in which investors typically wish to rebalance their portfolios or seek to limit their losses by selling off stock positions.
Numerous studies provide evidence that the correlation of stock returns is strongest in falling markets (see Conrad, Gultekin and Kaul (1991) , Kroner and Ng (1998) , Bekaert and Wu (2000) , Longin and Solnik (2001) or Ang and Chen (2002)). In such environments, a flight to quality reduces the liquidity of equity markets in favor of safer investments. More specifically, Coughenour and Saad (2004) argue that liquidity providers are more likely to feel capital constraints in falling markets and, in an effort to manage their wealth, withdraw liquidity across many different stocks. In consequence, liquidity commonality increases with the absolute size of negative returns. While their empirical results support this view, Domowitz, Hansch and Wang (2005) find little evidence of systematic differences in commonality for extreme up and down markets. Therefore, we examine the relationship between the market return and commonality more closely for subsamples of varying market conditions.
Let w with w = 1, 2, 3, ..., 53 denote rolling ten-day intervals. For each such interval we calculate the equally weighted portfolio return of our sample stocks, R w , and estimate Equation 2. 15 We take the R 2 of each interval as measure of commonality, C w . The highest ten-day return is 1.48% and the lowest is -4.60%. In a first step, we present the results for these two subsamples in Table   11 . If we compare the R 2 values for the upwards and downwards trending markets we see that there is strong evidence of a momentum effect: liquidity comoves far more strongly in falling markets than in rising markets. At a price impact of 2% commonality is about 15% in the rising market and 22% in the falling market. On the bid side commonality in the rising market is 10% and in the falling market 14%.
In a second step we relate the degree of commonality to the portfolio return in the same time window. With ε as the error term we estimate the following regression:
In the above equation, β measures the relation between commonality and 15 The results are qualitatively identical for value-weighted portfolio returns. Table 11 reports the average parameter estimates of the market liquidity parameter and R 2 values for rising markets ("up") and falling markets ("down"). It lists the results for the ask side and the bid side of the order book and also differentiates with regard to the price impact up to which order book depth is aggregated.
market momentum. For the extended depth measure at 2% price impacts β is -1.125 with a Newey-West adjusted t-statistic of -2.110. On the bid side, β is -0.602 with a Newey-West corrected t-statistic of -3.853. Clearly, the coefficients on both sides of the book are significantly negative. The significance is just as strong for all other depth measures as well. This implies that commonality is stronger if momentum is negative and weaker if it is positive. The results are virtually identical if we measure liquidity by means of the slope of the limit order book.
Conclusion
This paper is motivated by the observation that market-wide liquidity apparently gets priced, yet there is only weak evidence that stock liquidity movement does actually exhibit a market-wide component. Two reasons for the weak evidence are, firstly, the mismeasurement of liquidity and, secondly, the time variation of commonality. We examine these hypotheses with the help of an extensive order book data set from the Frankfurt Stock Exchange (FSE).
In our methodology we follow the Chordia, Roll and Subrahmanyam (2000) market model which we extend to liquidity measures beyond best prices. In a reference scenario, we analyze commonality for liquidity at the best price.
Although we document significant commonality, it is fairly weak as in the literature (2% for depth and 6% for spreads). However, once we take the liquidity supply in the order book into account, commonality increases strongly.
If depth measures at 2% price impacts are used, commonality rises up to 16% on the ask side and 8% on the bid side. A closer examination of the results also reveals that ask side commonality is stronger than on the bid side. Measures of the price-quantity schedule lead to similar results. Obviously, the commonality of liquidity provision is far higher than the spread or depth at the best prices suggest.
In addition, we also examine the time variation of commonality. We find that commonality is far stronger at the opening and closing of the trading day than during the day. This finding occurs even after controlling for time-of-day effects in liquidity. A likely explanation is that the information flows from the overnight period and the opening of the US market are more market-wide and therefore induce increased levels of commonality at the open and the close of the trading day. Furthermore, we find that commonality is associated with the general movement of the market: in down markets commonality is much higher than in up markets. The values of 16% and 8% over the whole sample rise to 22% and 14% for a falling market environment. In all, our results provide strong evidence of time variation in liquidity commonality.
In sum, our study suggests that commonality in liquidity and thus liquidity risk is much higher than estimated in previous papers. It is important that the estimation of commonality takes liquidity beyond best prices into account so that an investor's systematic liquidity risk is not underestimated. 
